Abstract: Climate change has an important impact on water balance and material circulation in watersheds. Quantifying the influence of climate and climate-driven vegetation cover changes on watershed-scale runoff and sediment yield will help to deepen our understanding of the environmental effects of climate change. Taking the Zhenjiangguan Watershed in Sichuan Province, China as a case study, three downscaled general circulation models with two emission scenarios were used to generate possible climatic conditions for three future periods of P1 (2020-2039), P2 (2050-2069) and P3 (2080-2099). Differences in scenarios were compared with the base period 1980-1999. Then, a Normalized Difference Vegetation Index climate factor regression model was established to analyze changes to vegetation cover under the climate change scenarios. Finally, a Soil and Water Assessment Tool model was built to simulate the response of runoff and sediment yield in the three future periods under two different scenarios: only changes in climate and synergistic changes in climate and vegetation cover. The temperature and precipitation projections showed a significant increasing trend compared to the baseline condition for both emission scenarios. Climate change is expected to increase the average annual runoff by 15%-38% compared with the base period, and the average annual sediment yield will increase by 4%-32%. The response of runoff and sediment yield varies in different periods, scenarios, and sub-watersheds. Climate-driven vegetation cover changes have an impact on runoff and sediment yield in the watershed, resulting in a difference of 5.8%-12.9% to the total changes. To some extent, the changes in vegetation cover will inhibit the hydrological impact of climate changes. The study helps to clarify the effects of climate and vegetation cover factors on hydrological variations in watersheds and provides further support for understanding future hydrological scenarios and implementing effective protection and use of water and soil resources.
Introduction
Climate and vegetation cover change are the foremost drivers of hydrological processes, influencing the water cycle and sediment transport states in watersheds around the world [1, 2] . Better understanding of the potential impacts of climate and vegetation cover changes on watershed-scale runoff and sediment yield is critical for long-term water resource planning and management [3] .
Since the 20th century, the global environment has changed at an unprecedented rate, which may lead to many environmental problems related to water resources and ecological services [4] . Climate change is undoubtedly the most studied potential driver of hydrological changes, especially in the last decade [5, 6] . According to the Intergovernmental Panel on Climate Change (IPCC) report, changes in temperature and precipitation will increase water-related risks, such as floods and droughts [7] . Climate change, by changing the frequency and intensity of precipitation and extreme climatic events trend of various hydrological components in watersheds more accurately, which can provide decision support for the rational use of water resources and reduction of soil erosion under future climate change scenarios.
This study linked climate and vegetation cover change through regression analysis, and then coupled them to a distributed hydrological model (SWAT) for runoff and sediment simulation, aiming at the following research objectives: (1) assessing the direct impacts of climate change on hydrological processes in different periods, and exploring the temporal and spatial dynamics of runoff and sediment yield in watersheds under future climate change scenarios; and (2) analyzing the laws of vegetation cover change driven by climate change, and investigating the potential impacts of vegetation cover change on runoff and sediment process in watersheds. The novelty of the study is to use of various GCMs to cover a wide range of potential outcomes in future climate and take climate-driven vegetation cover change into account for hydrological analysis.
Material and Methods

Study Area
The Zhenjiangguan Watershed ( Figure 1 ) is located in the northern part of Sichuan Province, China, and lies between 103 • 11 -103 • 54 E and 32 • 9 -33 • 9 N. The Zhenjiangguan Watershed is the headstream of the upper Minjiang River, with an area of about 4500 km 2 . The watershed has a steep terrain with an altitude of 2325-5537 m and an average elevation of 3610 m. The mountainous climate features of the watershed are obvious, with an average annual temperature of 6.9 • C and an average annual precipitation of 570 mm. The precipitation in flood season (occurring from May to October) accounts for more than 80% of the annual precipitation [34] . Land cover in the Zhenjiangguan Watershed mainly includes grassland and forestland, accounting for 65% and 32%, respectively, and there is a small amount of farmland, bare land, and construction land. The large channel slope and loose soil structure in the watershed make it very sensitive to changes of the natural environment. According to the two recent soil and water loss surveys, the Zhenjiangguan Watershed was significantly affected by hydraulic erosion, and the trend of soil loss may increase in the future [35] .
Data
The Normalized Difference Vegetation Index (NDVI) data used in this study was generated by the product of Moderate-resolution Imaging Spectroradiometer/Normalized Difference Vegetation Index 1-Month (MODND1M), which was provided by International Scientific and Technical Data Mirror Site, Computer Network Information Center, Chinese Academy of Sciences (http://www.gscloud.cn). NDVI is based on the red and near infrared bands to give an estimated greenness, given by:
where NIR is the reflectance in the near infrared band and RED is the reflectance in the red band. The spatial resolution of MODND1M is 500 m and the temporal resolution is monthly. The time period of monthly NDVI raster data of the study area is from 2000 to 2016. The monthly temperature and precipitation used for NDVI-climate factors regression analysis were extracted from the China Surface Climate Data Day Value Dataset (V3.0), which was obtained from the China Meteorological Data Sharing Service System (http://data.cma.cn). 
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In the SWAT model, it is necessary to construct a spatial database of elevation, land use and soil type and meteorological data. The elevation data used a digital elevation model (DEM) with a spatial resolution of 30 m provided by the International Scientific and Technical Data Mirror Site, Computer Network Information Center, Chinese Academy of Sciences (http://www.gscloud.cn). A 30 m land use map (2010) of the study area was obtained from the National Earth System Science Data Sharing Infrastructure (http://www.geodata.cn). Soil type and soil attribute information were extracted from 1:1,000,000 China Soil Database, provided by the Cold and Arid Regions Sciences Data Center at Lanzhou (http://westdc.westgis.ac.cn). The historical meteorological data , including daily precipitation, maximum temperature, minimum temperature, wind speed, relative humidity, and solar radiation at three weather stations (Zhenjiangguan, Songpan and Maladun), were provided by the China Meteorological Data Sharing Service System In the SWAT model, it is necessary to construct a spatial database of elevation, land use and soil type and meteorological data. The elevation data used a digital elevation model (DEM) with a spatial resolution of 30 m provided by the International Scientific and Technical Data Mirror Site, Computer Network Information Center, Chinese Academy of Sciences (http://www.gscloud.cn). A 30 m land use map (2010) of the study area was obtained from the National Earth System Science Data Sharing Infrastructure (http://www.geodata.cn). Soil type and soil attribute information were extracted from 1:1,000,000 China Soil Database, provided by the Cold and Arid Regions Sciences Data Center at Lanzhou (http://westdc.westgis.ac.cn). The historical meteorological data , including daily precipitation, maximum temperature, minimum temperature, wind speed, relative humidity, and solar radiation at three weather stations (Zhenjiangguan, Songpan and Maladun), were provided by the China Meteorological Data Sharing Service System (http://data.cma.cn). Future temperature and precipitation data were generated using projections from three GCMs provided by the Data Distribution Centre of IPCC (http://www.ipcc-data.org).
Methods
The workflow for this study is shown in Figure 2 . First, the GCMs were used to predict climate change data for future periods under different emission scenarios. Then, the NDVI-climate factors regression model was constructed based on historical NDVI remote sensing data and observed temperature and precipitation data, and the future vegetation cover information was updated by combining the future climate projections of GCMs. Finally, the calibrated SWAT model was used to simulate runoff and sediment yield under two different scenarios: changes only in climate and synergistic changes in climate and vegetation cover.
The workflow for this study is shown in Figure 2 . First, the GCMs were used to predict climate change data for future periods under different emission scenarios. Then, the NDVI-climate factors regression model was constructed based on historical NDVI remote sensing data and observed temperature and precipitation data, and the future vegetation cover information was updated by combining the future climate projections of GCMs. Finally, the calibrated SWAT model was used to simulate runoff and sediment yield under two different scenarios: changes only in climate and synergistic changes in climate and vegetation cover. 
Future Climate Projections
Choosing suitable climate models for impact studies is not a straightforward task. Various uncertainties inherent in future climate projections undoubtedly pose major challenges to climate change research. In order to better reflect the possible future climate conditions in the study area, this research used multiple data sources to reveal the predicted differences caused by different emission scenarios and GCMs. Climatic projections from three GCMs (CGCM3 (T47 resolution), CCSM3 and HadCM3) for two emission scenarios (A1B and B1) of the Special Report on Emission Scenarios (SERS) published by the Intergovernmental Panel on Climate Change (IPCC), were used to represent the future climate conditions of the study area. The A1B scenario (medium emission) describes a future world of very rapid economic growth, a global population that peaks in mid-century and declines thereafter, and rapid introduction of new and more efficient technologies. The B1 scenario (low emission) describes a convergent world with the same global population as in the A1B scenario but with rapid changes in economic structures toward a service and information economy, with reductions in material intensity, and the introduction of clean and resource-efficient technologies [36] .
Although GCMs are widely regarded as a reliable method for simulating large-scale climate change, they cannot describe the characteristics of regional-scale or watershed-scale climate change well due to their very coarse resolution. Thus, it is essential to downscale the future climate projections of GCMs for use in a hydrological model at a regional or watershed scale. The change factor (CF) is a relatively simple and popular downscaling method for climate change impact assessment. It involves adjusting the observed temperature and precipitation data in watersheds by adding the difference between the future and current temperatures simulated by GCM or multiplying the ratio between simulated future and current precipitation [37] . To quantify the climate change impacts in different time periods, a near-century period (P1) with a time frame of 2020-2039, a mid-century period (P2) with a time frame of 2050-2069, and a late-century period (P3) with a time frame of 2080-2099, were also considered. The data for average monthly precipitation and temperature for the 20th century simulation (20CM3) from 1980 to 1999 and for the emission scenarios (A1B and B1) from the three future periods were collected from the Data Distribution Centre of the IPCC (http://www.ipcc-data.org). The change values for average monthly temperature (absolute change) and average monthly precipitation (relative change) centered on the historical Figure 2 . The overall workflow of the study.
Although GCMs are widely regarded as a reliable method for simulating large-scale climate change, they cannot describe the characteristics of regional-scale or watershed-scale climate change well due to their very coarse resolution. Thus, it is essential to downscale the future climate projections of GCMs for use in a hydrological model at a regional or watershed scale. The change factor (CF) is a relatively simple and popular downscaling method for climate change impact assessment. It involves adjusting the observed temperature and precipitation data in watersheds by adding the difference between the future and current temperatures simulated by GCM or multiplying the ratio between simulated future and current precipitation [37] . To quantify the climate change impacts in different time periods, a near-century period (P1) with a time frame of 2020-2039, a mid-century period (P2) with a time frame of 2050-2069, and a late-century period (P3) with a time frame of 2080-2099, were also considered. The data for average monthly precipitation and temperature for the 20th century simulation (20CM 3 ) from 1980 to 1999 and for the emission scenarios (A1B and B1) from the three future periods were collected from the Data Distribution Centre of the IPCC (http://www.ipcc-data.org). The change values for average monthly temperature (absolute change) and average monthly precipitation (relative change) centered on the historical period (1980-1999) and future periods (P1, P2, P3) in different GCMs were then calculated. These GCM changes were used to adjust the observed data (1980-1999) of the meteorological stations within the Zhenjiangguan Watershed to obtain the future climate data for each GCM.
NDVI-Climate Factors Regression Model
The NDVI, which is often used to describe vegetation cover, is the most widely used vegetation index at present [29, 38] . Temperature and precipitation are considered the two most important climatic factors affecting vegetation dynamics [30, 39] , so they were selected for regression analysis with NDVI. Because the responses of vegetation to climate change may vary from one type to another, it is necessary to use the NDVI values of different vegetation types to conduct correlation analysis with climatic factors. The land use types covered by vegetation in the study area mainly included grassland and forestland (accounting for 97% of the total area). The area of farmland was too small to be included in this research. Many studies have shown that plants are most sensitive to climate change during their vigorous growth period, while they respond slowly to climate change in other periods [27, 39] . To more clearly show the response of vegetation growth to climate change, this study focused on the relationship between interannual NDVI and climatic factors (temperature and precipitation) during the growing season (from July to September). The correlation between the NDVI and climate during the growing season was primarily determined by the Pearson correlation coefficient [40] , which is computed as:
where x i and y i are the values of data series x and y, respectively; n is the number of the data values; X and Y are the average values of x and y; R xy is the correlation coefficient between x and y. Due to the time-lag between changing climate factors and the effect on NDVI [41] , the partial correlation coefficients between NDVI and climate variables within the previous four months were calculated. The corresponding monthly interval at which the partial correlation coefficient reached the maximum value was the lag period of the NDVI response to temperature or precipitation.
The NDVI-climate factors regression model was built using IBM Statistical Package for Social Sciences (SPSS), version 20 analysis software (SPSS Inc., Chicago, IL, USA). Mean NDVI values for grassland and forestland in the growing season from 2000 to 2016 were used as the dependent variable, corresponding mean temperature and precipitation were used as independent variables, and the model was built using linear regression. The performance of the established binary linear regression model was evaluated based on the analysis results.
Hydrological Model
SWAT Model
The SWAT is a semi-distributed, continuous-time, and long-term model that can simulate a number of different physical processes such as water, sediment and agricultural chemical yields in large complex watersheds [42] . For SWAT modeling purposes, a watershed may be partitioned into a number of sub-watersheds or sub-basins and then further sub-classified as hydrologic response units (HRU) with a unique grouping of land use, soil and slope [43] . Hydrological simulation at each HRU is performed using the water balance equation:
where SW t is the final soil water content (mm H 2 O), SW 0 is the initial soil water content on day i (mm H 2 O), t is the time (days), R day is the amount of precipitation on day i (mm H 2 O), Q sur f is the amount of surface runoff on day i (mm H 2 O), E a is the amount of evapotranspiration on day i (mm H 2 O), W seep is the amount of water entering the vadose zone from the soil profile on day i (mm H 2 O), and Q gw is the amount of return flow on day i (mm H 2 O). The SWAT uses the Modified Universal Soil Loss Equation (MUSLE) to compute soil erosion at HRU level [44] , which is expressed as follows:
where sed is the sediment yield on a given day (metric tons), Q sur f is the surface runoff volume (mm H 2 O/ha), q peak is the peak runoff rate (m 3 /s), area hru is the area of the HRU (ha), K USLE is the USLE soil erodibility factor, C USLE is the USLE cover and management factor, P USLE is the USLE support practice factor, LS USLE is the USLE topographic factor and CFRG is the coarse fragment factor.
The plant growth component of SWAT is a simplified version of the Environmental Policy Integrated Climate (EPIC) model [42] , and it can simulate leaf area development, interception of light and its conversion into biomass depending on the accumulated heat units. The leaf area development of plants is a function of the growing season and is quantitatively controlled by specific parameters (such as the Leaf Area Index (LAI)) in the plant growth database. The leaf area development plays an important role in the spatial and temporal dynamics of runoff and sediment production and delivery processes in watersheds by affecting physical processes such as evapotranspiration, rainfall interception, and infiltration. In this research, the NDVI obtained from remote sensing data was converted to LAI using an empirical formula [45] , and then integrated into the plant growth database of SWAT.
Model Calibration and Validation
The accuracy of SWAT simulations is highly dependent on the calibration and validation procedure. The observed discharge and sediment yields were obtained from the Zhenjiangguan hydrologic station, which was located at the outlet of the whole watershed. The Southern Tibet and Western Yunnan Hydrological Yearbook, which has been examined and verified by the Ministry of Water Resources of the People's Republic of China, have recorded the daily discharge and sediment yields of this hydrologic station over the years. This research extracted the daily discharge and sediment yields from 1985 to 2005, and processed them into monthly values for model calibration and validation. Based on previous research [46, 47] , the observed data were divided into two parts before running SWAT: one was used for model calibration and the other was used for model validation. The calibration procedure was based on the Sequential Uncertainty Fitting version 2 (SUFI2) algorithm built into the SWAT Calibration and Uncertainty Procedure (SWAT-CUP), which is a semi-automatic calibration method that allows the users to adjust the watershed parameters between auto-calibration runs [48] . To evaluate the performance of SWAT simulation, statistical indicators and graphical analyses were used to compare the simulated and observed discharge and sediment process lines. The following statistical indices were widely used and suggested in SWAT calibration and validation procedure [49] [50] [51] : the percentage bias (PBIAS), the coefficient of determination (R 2 ), and Nash-Sutcliffe (1970) [52] efficiency coefficient (NSE):
where n is the number of the data values; Q oi and Q si are the observed and simulated values at month i, respectively; Q avg and Q avg are the mean values of the observed data and simulated values, respectively. According to the existing research conclusions [50, 51] , the performance ratings of the model simulation can be classified into four levels (see Table 1 ). 
|PBIAS| (%) Discharge Sediment
Very good 0.75 < NSE ≤ 1.00 0.80 < R 2 ≤ 1.00
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Results and Discussion
SWAT Model Calibration and Validation
The observed and simulated monthly discharge and sediment yield during the calibration period (1985) (1986) (1987) (1988) (1989) (1990) (1991) (1992) (1993) (1994) (1995) and validation period (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) are shown in Figures 3 and 4 . Table 2 lists the results of the three indices for evaluating model performance. Overall, the fit of observed and simulated values for discharge and sediment yield during calibration and validation periods was relatively high. The statistical indices for discharge Overall, the fit of observed and simulated values for discharge and sediment yield during calibration and validation periods was relatively high. The statistical indices for discharge simulation during the calibration and validation periods showed "Very good" performance, while sediment simulation showed "Good" performance. This indicated that the calibrated model had high reliability and was suitable for the simulation of runoff and sediment processes in the Zhenjiangguan Watershed. There were noticeable differences between the projections of different climate models. To reduce the uncertainty of climate change projections, the predicted values of the three GCMs (CGCM3, CCSM3, and HadCM3) were averaged arithmetically in this study. Basin-wide averaged monthly changes of temperature and precipitation, respectively, in three future periods relative to the base period for two emission scenarios ( Figure 5 ) showed that the weather in the Zhenjiangguan Watershed was projected to be warmer and wetter. For the A1B scenario (medium emissions), the annual average temperature in the three future periods was expected to increase by 1.3 • C, 2.2 • C, and 3.0 • C, respectively, compared to the base period. The annual average temperature of the B1 scenario (low emissions) also showed an upward trend, but it was significantly slower than that of the A1B scenario, with rises of 0.9 • C, 1.4 • C, and 2.0 • C in the three future periods. Similarly, compared with the base period, the annual average precipitation under A1B scenario for the three future periods was expected to increase by 12.5%, 19.7%, and 29.6%, respectively, while that under B1 scenario was expected to increase by 14.3%, 23.5%, and 19%, respectively. The increase of precipitation was unevenly distributed in a year, which will further increase the seasonal variation of precipitation in the study area. The increase of precipitation in summer was obvious, which may further aggravate the potential risk of hydraulic soil erosion in the watershed due to the close relationship between rainstorms and erosion and sediment transport. Changes in the frequencies of extreme rainfall events might impinge on land degradation processes, such as soil erosion, removal of top fertile soil, and sand casting, which might reduce agriculture land [13] . The increase of temperature during the year was relatively uniform, with a slightly higher rise in spring and summer. According to Immerzeel et al. [53] , higher temperature will increase evapotranspiration and increased melt of ice and snow. Tables 3 and 4 show the simulation results of annual average runoff and sediment yield in the Zhenjiangguan Watershed in three future periods under two emission scenarios, respectively. From the perspective of the changes in different periods of the whole watershed, the annual runoff and sediment yield were projected to be significantly affected by climate change. Compared with the base period (1980-1999), the average annual runoff variation in the three future periods (P1, P2, and P3) ranged from 15% to 38%, and 4% to 32% for sediment yield. The runoff and sediment yield projected for P1, P2, and P3 periods showed a trend of sustained growth, under the A1B scenario. The growth trend of runoff and sediment yield in the P1 and P2 periods under the B1 scenario was roughly the same as that of the A1B scenario, but the growth in the P3 period slowed down. Similar trends also occurred for the changes in precipitation in the future periods, indicating that precipitation changes played a dominant role in runoff and sediment yield. Overall, the difference in runoff and sediment yield between the two scenarios was relatively small in the P1 and P2 periods, but the difference in the P3 period was greater (up to 16% and 24% for runoff and sediment yield, respectively). In the P3 period under the A1B scenario, the growth of runoff and sediment yield reached the highest values (up to 38% and 32%). On the one hand, these were mainly driven by the significant increases of precipitation and higher occurrences of extreme precipitation in summer. On the other hand, the significant increases in spring and winter temperature (>3 • C) led to early snow freshet, thereby increasing runoff and sediment yield significantly. According to the standards for classification and gradation of soil erosion (SL 190-2007) issued by the Ministry of Water Resources of China, the annual average sediment yield in the P3 period under the A1B scenario will reach the "severe" level (>150 t/ha/year), and the soil and water conservation in the watershed will face serious challenges.
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Water 2019, 11, x FOR PEER REVIEW 10 of 21 B1 scenario was expected to increase by 14.3%, 23.5%, and 19%, respectively. The increase of precipitation was unevenly distributed in a year, which will further increase the seasonal variation of precipitation in the study area. The increase of precipitation in summer was obvious, which may further aggravate the potential risk of hydraulic soil erosion in the watershed due to the close relationship between rainstorms and erosion and sediment transport. Changes in the frequencies of extreme rainfall events might impinge on land degradation processes, such as soil erosion, removal of top fertile soil, and sand casting, which might reduce agriculture land [13] . The increase of temperature during the year was relatively uniform, with a slightly higher rise in spring and summer. According to Immerzeel et al. [53] , higher temperature will increase evapotranspiration and increased melt of ice and snow. Tables 3 and 4 show the simulation results of annual average runoff and sediment yield in the Zhenjiangguan Watershed in three future periods under two emission scenarios, respectively. From the perspective of the changes in different periods of the whole watershed, the annual runoff and sediment yield were projected to be significantly affected by climate change. Compared with the base period (1980-1999), the average annual runoff variation in the three future periods (P1, P2, and P3) ranged from 15% to 38%, and 4% to 32% for sediment yield. The runoff and sediment yield projected for P1, P2, and P3 periods showed a trend of sustained growth, under the A1B scenario. The growth trend of runoff and sediment yield in the P1 and P2 periods under the B1 scenario was roughly the same as that of the A1B scenario, but the growth in the P3 period slowed down. Similar trends also occurred for the changes in precipitation in the future periods, indicating that precipitation changes played a dominant role in runoff and sediment yield. Overall, the difference in runoff and sediment yield between the two scenarios was relatively small in the P1 and P2 Figure 6 shows the annual distribution of runoff and sediment yield in the three future periods under the two emission scenarios. The trends in the annual distribution of runoff are consistent with the baseline period, although there are differences in monthly runoff in different periods. Beginning in January, the monthly runoff gradually increases with the increase of precipitation until the first flood peak appears in June or July. After a month or two, the second flood peak appears in September, and then the monthly runoff gradually declines to the lower levels of the year. There is less consistency in the trend of sediment yield in different periods, and the sediment yield in May and June of the base period is higher than that of the future periods. The difference in future sediment yields mainly occurs in May to September, and the difference in other months is very small. By comparing the monthly average precipitation changes in future periods (Figure 5a ), the months with large differences of sediment yield basically coincide with the flood season (usually from May to September). These months are the frequent periods for rainstorms in the Zhenjiangguan Watershed. During the runoff generation stage, rainstorms have a scouring effect on the soil surface, and then a large amount of sediment is transported into the river channel through the confluence process. Therefore, the change of precipitation during the flood season has a dominant impact on the change of sediment yield in the study area. The average annual runoff and sediment yield (Figure 7 ) of the 23 sub-watersheds divided by the Zhenjiangguan Watershed in the base period showed significant spatial heterogeneity. These spatial heterogeneities stemmed from the influence of multiple factors such as topography, soil, land cover, and uneven rainfall. The runoff process was obviously affected by topographic factors while the sub-watersheds with steep slopes had a faster collection process for precipitation, which can reduce the water loss caused by evaporation and leakage so it is more conducive to runoff. For sediment yield, besides topography, the effects of soil properties and land cover are equally important. Generally, the sub-watersheds with low topography, a loose soil surface, and sparse vegetation have a greater amount of sediment yield. The average annual runoff and sediment yield (Figure 7 ) of the 23 sub-watersheds divided by the Zhenjiangguan Watershed in the base period showed significant spatial heterogeneity. These spatial heterogeneities stemmed from the influence of multiple factors such as topography, soil, land cover, and uneven rainfall. The runoff process was obviously affected by topographic factors while the sub-watersheds with steep slopes had a faster collection process for precipitation, which can reduce the water loss caused by evaporation and leakage so it is more conducive to runoff. For sediment yield, besides topography, the effects of soil properties and land cover are equally important. Generally, the sub-watersheds with low topography, a loose soil surface, and sparse vegetation have a greater amount of sediment yield. The variations of average annual runoff and sediment yield in the sub-watersheds in the three future periods also showed significant spatial heterogeneity (Figures 8 and 9) . Compared with the base period, the runoff in the sub-watersheds increased in all emission scenarios and future periods, with an increase of 12%-42%. In terms of spatial distribution, the variations of average annual runoff in the upstream were larger than that in the downstream. Compared with the base period, most sub-basins had a positive growth in sediment yield, and only a few had negative growth, with overall changes ranging from −24% to 78%. The percentage of runoff and sediment yield changes in different future periods were noticeably different (see Table 5 ), and the trends of runoff and sediment yield in different periods were consistent with that of the precipitation. The changes in runoff and sediment yield in the P3 period were quite different between the A1B and B1 scenarios, mainly controlled by the significant differences in precipitation and temperature. According to the standards for classification and gradation of soil erosion (SL 190-2007) issued by Ministry of Water Resources of China, a total of 10 sub-watersheds reached the "severe" level of soil erosion in the P3 period under A1B scenario, accounting for 38.2% of the total area. Compared with the base period (15.6%), the area of the watershed affected by severe hydraulic erosion more than doubled. The variations of average annual runoff and sediment yield in the sub-watersheds in the three future periods also showed significant spatial heterogeneity (Figures 8 and 9) . Compared with the base period, the runoff in the sub-watersheds increased in all emission scenarios and future periods, with an increase of 12%-42%. In terms of spatial distribution, the variations of average annual runoff in the upstream were larger than that in the downstream. Compared with the base period, most sub-basins had a positive growth in sediment yield, and only a few had negative growth, with overall changes ranging from −24% to 78%. The percentage of runoff and sediment yield changes in different future periods were noticeably different (see Table 5 ), and the trends of runoff and sediment yield in different periods were consistent with that of the precipitation. The changes in runoff and sediment yield in the P3 period were quite different between the A1B and B1 scenarios, mainly controlled by the significant differences in precipitation and temperature. According to the standards for classification and gradation of soil erosion (SL 190-2007) issued by Ministry of Water Resources of China, a total of 10 sub-watersheds reached the "severe" level of soil erosion in the P3 period under A1B scenario, accounting for 38.2% of the total area. Compared with the base period (15.6%), the area of the watershed affected by severe hydraulic erosion more than doubled. The maximum partial correlation coefficient between the average NDVI (July-September) of forestland and grassland and the average temperature and precipitation was for one month prior (see Table 6 ), indicating that the responses of NDVI to temperature and precipitation changes have a one-month lag period. Therefore, this study selected the average NDVI from July to September in 2000-2016 and the average temperature and precipitation from June to August to construct a regression model. The results of regression analysis are shown in Table 7 . From Table 7 , it can be seen that the adjusted coefficients of determination for grassland and forestland were all over 0.6, indicating that NDVI was highly correlated with climate factors, and the change of NDVI can be largely explained by the changes in temperature and precipitation. The standard errors were small, which indicates the observed and estimated values were in good agreement. In variance analysis, the overall F significance measure Sig.F < 0.05 reflects a significant linear relationship between NDVI and temperature and precipitation in the regression model. The partial regression coefficients refer to the regression coefficient corresponding to the constant term and the independent variables (temperature and precipitation) in the regression equation. Sig.T represents the significance of the T-test for partial regression coefficients and having all Sig.T < 0.05 indicates that all independent variables had a significant effect on the dependent variable.
The above analysis results showed that the NDVI-climate factor regression model was of good quality and could be used to predict NDVI values under climate change scenarios. The linear regression equations for NDVI of grassland and forestland, temperature (T), and precipitation (P) were calculated as:
NDVI grass = 0.066 × T + 0.001 × P − 0.32 (8) NDVI forest = 0.058 × T + 0.0008 × P − 0.13
The above regression equations were used to calculate the NDVI predictions for future climate scenarios, and then the NDVI predictions were converted to the Leaf Area Index (LAI) by an empirical formula [45] and finally added into the plant growth database of SWAT.
Changes in Runoff and Sediment Yield Caused by Vegetation Cover Change
On the basis of keeping the other parameters of the SWAT model unchanged, only the leaf area development parameters corresponding to climate change were adjusted using the NDVI-climate factors regression equations, and then the runoff and sediment simulations in the three future periods under the two emission scenarios were carried out. The contribution of average annual runoff and sediment yield changes caused by vegetation cover changes within the total changes (caused by climate and vegetation synergies) were calculated (see Table 8 ), reflecting the contribution of vegetation factors to hydrological variation. The changes of vegetation cover driven by climate change had an impact on runoff and sediment yield in the watershed. According to the SWAT simulation results, the amount of average annual runoff and sediment yield changes caused by vegetation cover changes as a percentage of the total changes ranged from 5.8% to 12.9%, and all were negative. As the weather in the Zhenjiangguan Watershed is projected to be warmer and wetter than the base year ( Figure 5 ), the vegetation cover will increase in future periods according to the regression equations (Equations (8) and (9)). This indicates that the runoff and sediment yield in the watershed are negatively correlated with vegetation cover, and the increase in vegetation cover can effectively reduce the runoff and sediment yield. This is consistent with many previous studies on the influence of vegetation on hydrologic variations [54, 55] . Generally, the canopy can act as a water storage system to intercept rainfall and reduce splash erosion by reducing the falling speed of rainwater [20] . Vegetation may also reduce surface water flow velocity and increase infiltration time and infiltration volume, resulting in the increases of surface runoff and soil subsidence in water flow [21] . For evaporation, vegetation transports moisture from soil or even shallow aquifers to the atmosphere through its own transpiration [56] . Therefore, the growth state of vegetation plays a vital role on the spatial and temporal dynamics of runoff and sediment production and transportation.
There is a difference in the influence of vegetation cover change in the three future periods for the A1B and B1 scenarios, and the percentages in the P2 and P3 periods are larger than in the P1 period.
The change of influence mainly comes from the difference of temperature and precipitation in different periods, which in turn affects the key parameter (LAI) in the plant growth database of SWAT. The LAI, which is defined as the area of green leaves per area of land, plays a key role in SWAT for estimating other processes, such as evapotranspiration and biomass accumulation [57] . The LAI determines a series of critical parameters related to runoff and sediment. For instance, the C factor (vegetation cover and management factor) is one of the important factors for simulating sediment yield using the MUSLE in SWAT. The C factor used in SWAT is a function of the amount of residue on the soil surface, which is also obtained from LAI [42] . In addition, parameters such as biomass and the amount of baseflow and surface runoff would be changed if LAI values were adjusted. Therefore, the difference in LAI driven by the change of temperature and precipitation in the future periods is an important reason for the difference in the influence of vegetation on runoff and sediment yield. From the regression equations (Equations (7) and (8)), it can be seen that the partial regression coefficient corresponding to the temperature term is larger than that of the precipitation term, which indicates that the vegetation in the study area is more sensitive to temperature changes. This result is similar to research findings by Chen and Ren [58] . They argue that the vegetation coverage of mainland China is significantly correlated with precipitation and temperature, the correlation with the latter is more significant than with the former. Additionally, Peng et al. [59] also find that the NDVI of Sichuan Province is influenced more significantly by temperature. In SWAT, the plant's growth cycle is based on the heat unit theory, which assumes that plant growth only occurs on the days when daily mean temperature exceeds the base temperature for growth [60] . This means that temperature is the main governing factor for plant growth in SWAT. The significant increase of temperature in the future periods will be beneficial to the increase of LAI in the study area, thus reducing the increase of runoff and sediment yield caused by increased precipitation. Therefore, climate-driven vegetation cover changes will inhibit the effect of climate change on runoff and sediment yield in the study area.
According to most previous studies, climate change is the dominant factor causing hydrologic variations in watersheds, which is also reflected in the simulation results of this study [17, 61] . However, compared with only considering climate change factors, there are some differences in hydrological response when considering the climate-driven vegetation cover change factors. According to the case study in the Zhenjiangguan Watershed, the influence of vegetation cover factors on runoff and sediment yield is roughly equivalent to about 10% of climate change. Similarly, a study conducted by Yang et al. [62] in the Luanhe River basin also showed that the increased precipitation is the main driver for the increase in runoff and the increase of vegetation cover may lead to a slight decrease in mean annual runoff. Due to the different research areas and research methods, the influence of vegetation cover on hydrological changes may be quite different. For example, Liu et al. [63] found an equal role of vegetation and climate change on the decline in runoff. Instead of the hydrological modeling approach, they used statistical and elasticity methods and conducted research in a forested catchment in southwestern Australia. Thus, it is meaningful to assess the impact of climate-driven vegetation cover changes based on actual conditions, thereby providing quantitative information for decision-makers to develop healthier water and soil resources planning and management strategies.
It is noticed that the uncertainties involved in climatic models, emission scenarios, downscaling methods, and hydrological models inevitably affect the results of the study. According to Vetter et al. [64] , the GCMs are the largest sources of uncertainties in hydrological impact studies, followed by the emission scenarios and hydrological models. Considering the difficulty in evaluating uncertainties in those GCMs, this study mainly focuses on the responses of runoff and sediment yield to various possible climatic conditions in the future and emphasizes the average changes in the analysis. According to Oliveira et al. [65] , the use of multiple GCMs and emission scenarios can help to reduce the uncertainties of climate projections. Additionally, uncertainties from different downscaling methods and hydrological models also need to be evaluated further. It should also be noted that the study area is less disturbed by human activities and natural factors (climate and vegetation cover) play a dominant role in the hydrological changes of the Zhenjiangguan Watershed, but this may change with the intensification of human activities in the future. Therefore, hence to examine uncertainty and consider more interfering factors will be the essential objectives of our future work.
Conclusions
Based on the SWAT simulation combined with NDVI-climate factors regression analysis, this study assessed the impact of climate and its driven vegetation cover changes on runoff and sediment yield in the Zhenjiangguan Watershed. The main conclusions are as follows:
(1) According to the predictions of GCMs, the future precipitation and temperature in the Zhenjiangguan Watershed showed a significant increasing trend. Compared with the base period, the average annual temperature increase ranged from 0.9 • C to 3.0 • C, and the average annual precipitation increase ranged from 12.5% to 29.6%. Climate change significantly increased the average annual runoff and sediment yield in the three future periods for two emission scenarios (runoff growth 15%-38%, sediment yield growth 4%-32%), and showed significant spatial and temporal heterogeneity. In general, the growth of runoff and sediment yield in the flood season (May-September) was the most obvious, and the variation in runoff and sediment yield differed greatly among the sub-watersheds. ( 2) The analysis of the NDVI-climate factors regression model showed that NDVI had a strong correlation with temperature and precipitation in study area, where the adjusted coefficient of determination was over 0.6. The established NDVI-climate factors regression model can be reliably used for NDVI prediction under climate change scenarios. (3) The climate-driven changes in vegetation cover had an impact on runoff and sediment yield. The runoff and sediment yield in the watershed were negatively correlated with the vegetation cover, showing the increase of vegetation cover can effectively reduce the runoff and sediment yield. The variations of runoff and sediment yield caused by vegetation cover change accounted for 5.8%-12.9% of the total changes, and the climate-driven vegetation cover changes will inhibit the effect of climate change on runoff and sediment yield.
